Recent findings in neuroscience suggest that adult brain structure changes in response to environmental alterations and skill learning. Whereas much is known about structural changes after intensive practice for several months, little is known about the effects of single practice sessions on macroscopic brain structure and about progressive (dynamic) morphological alterations relative to improved task proficiency during learning for several weeks. Using T1-weighted and diffusion tensor imaging in humans, we demonstrate significant gray matter volume increases in frontal and parietal brain areas following only two sessions of practice in a complex whole-body balancing task. Gray matter volume increase in the prefrontal cortex correlated positively with subject's performance improvements during a 6 week learning period. Furthermore, we found that microstructural changes of fractional anisotropy in corresponding white matter regions followed the same temporal dynamic in relation to task performance. The results make clear how marginal alterations in our ever changing environment affect adult brain structure and elucidate the interrelated reorganization in cortical areas and associated fiber connections in correlation with improvements in task performance.
Introduction
The adult brain shows a remarkable capacity for morphological alterations during learning or adaption to a changing environment (Markham and Greenough, 2004; Adkins et al., 2006; Draganski and May, 2008) . In human subjects, gray and white matter changes can be observed after intensive long-term motor skill learning for several months (Draganski et al., 2004; Scholz et al., 2009 ). Even though we face a consistently changing environment in our daily life and the need to rapidly adapt to such changes, less is known about the capability of the adult human brain for structural alterations in response to slight environmental changes. Animal studies suggest that formation of new synaptic connections by dendritic spine growth and remodeling of axons is associated with experience-dependent behavioral changes (Trachtenberg et al., 2002; Chklovskii et al., 2004; Markham and Greenough, 2004; DeBello, 2008; Butz et al., 2009; Xu et al., 2009) . For example, motor skill learning rapidly forms and eliminates dendritic spines in response to short practice sessions (Xu et al., 2009) .
Behavioral studies of motor skill learning indicate that individuals pass through different learning phases during the time course of skill acquisition (Lee and Swinnen, 1993; Newell, 1996; Karni et al., 1998) . Functional neuroimaging studies show recruitment of specific brain networks during early and late phases of skill learning demonstrating distinct dynamic patterns of neural activity (Karni et al., 1995; Floyer-Lea and Matthews, 2005; Luft and Buitrago, 2005) . So far, however, the structural implementation of such behavioral and functional adaptations within distinct brain areas and their associated structural connectivity patterns across the phases of learning is largely unexplored. Moreover, it remains elusive whether the temporal dynamics of such changes in the human brain are directly linked to improvements in motor performance over time. Motor skill learning and the organization of goal-directed behavior have been associated with neural activity changes in premotor, parietal, and prefrontal cortex as well as in their functional connectivity patterns (Passingham, 1993; Andres et al., 1999; Koechlin et al., 1999; Swinnen and Wenderoth, 2004; Koechlin and Hyafil, 2007; Sun et al., 2007; Nachev et al., 2008; Boorman et al., 2009) .
In the present study, we hypothesized that (1) a short period of practice in a complex motor task induces significant changes in brain structure and (2) long-term motor skill learning is associated with dynamic patterns of structural alterations in functionally relevant brain areas and corresponding anatomical projections in correlation with improvements in task performance.
We used voxel-based analysis of T1-and diffusion-weighted image (DWI) magnetic resonance (MR) data (Ashburner and Friston, 2000) in young healthy volunteers in a multilevel longitudinal design during 6 weeks of learning a complex whole-body balancing task. We introduced a novel parameter data processing approach to adjust for volume change-related biases of DWI data analysis. We anticipated that the complementary character of voxel-based analysis of distinct DWI parameters would allow more straightforward interpretation of the hypothesized learning-induced structural changes.
Materials and Methods
Subjects. Twenty-eight healthy, right-handed (Oldfield, 1971 ) subjects (mean age, 25.9 years; SD, 2.8 years; 14 females) with normal or corrected-to-normal vision were recruited for this study after obtaining written informed consent approved by the local ethics committee. All subjects underwent a neurological examination before participation. Subjects were naive to the experimental setup with no prior experience of other highly coordinative balancing skills.
Experimental overview. Fourteen subjects were asked to learn a wholebody dynamic balancing task (DBT) over six consecutive weeks with one training day (TD) in each week (see Fig. 1 A) . TDs as well as the time schedule in each week was kept constant (Ϯ1 d) across the whole learning period. On each TD, subjects performed the DBT for ϳ45 min. During task performance, electromyographical (EMG) activity of the left and right soleus muscle was recorded continuously to capture possible changes in muscle activity pattern. MR data acquisition was performed as follows: baseline scan (s) before learning (s1, pre), two intermittent scans after 2 and 4 weeks (s2 and s3), and a final scan 1 week after completion of the learning period (s4) (see Fig. 1 A) . Importantly, MR scanning was performed prior to the practice session on TD1, TD3, and TD5 (see Fig.  1 A) . The control group, consisting of 14 age-and gender-matched subjects scanned at baseline (s1, pre) and 2 weeks later (s2), did not practiced the balancing task.
Whole-body dynamic balancing task. The DBT was performed on a movable platform with a maximum deviation of 26°to each side (stability platform, model 16030L, Lafayette Instrument). Subjects were instructed to stand with both feet on the platform and to keep it in a horizontal position as long as possible during a trial length of 30 s.
To familiarize subjects with the task and to prevent falls in the initial three trials on TD1, we allowed use of a supporting hand rail. The familiarization trials were excluded from the analysis. The behavioral outcome measure was the time (in seconds) in which subjects kept the platform in a horizontal position (designated BAL) within a deviation range of Ϯ 3°t o each side out of the total trial length of 30 s. We used a discovery learning approach (Wulf et al., 2003; Orrell et al., 2006) in which no information about the performance strategy was provided during learning. After each trial, subjects were only given verbal feedback about their time in balance (BAL). Therefore, subjects had to discover their optimal strategy to improve task performance (e. g. error correction strategy with legs, hip, and arms) based on trial outcome by trial and error. On each of the six TDs, 15 trials had to be performed with an intertrial interval of 2 min to avoid fatigue. Thus, the time to complete the DBT on each TD was ϳ45 min. Three months after the end of the learning period, the stability of the acquired motor skill was reassessed in a retention test in 13 subjects.
Surface EMG recordings. Ag-AgCl surface electrodes were positioned bilaterally on the skin overlying the soleus muscle (SM) of the right and left leg in a bipolar montage (interelectrode distance, ϳ5 cm). Electrode positions were carefully determined and kept constant to ensure identical recording sites during the learning period. The signal was amplified using a Counterpoint EMG device (Digitimer D360) with bandpass filtering between 50 and 2000 Hz, digitized at a frequency of 5000 Hz, and fed off-line to a data acquisition system for further analysis (CED 1401 system, Spike2 software, Cambridge Electronic Devices). EMG activity was recorded continuously during DBT and subjects were instructed to relax as much as possible during the rest periods of the task. EMG signals were processed offline with a low pass filter. Rectified EMG activities for right and left SM were calculated as a mean average voltage starting from the EMG onset of each trial. Then, muscular imbalances were calculated as the ratio between left and right SM EMG activity for each trial (where a value of 1 indicates no EMG difference and values Ͼ1 or Ͻ1 higher EMG activity on the left or right SM).
Statistical analysis of behavioral and EMG data. Repeated measures ANOVA with (1) factor TIME (TD1, TD2, TD3, TD4, TD5, and TD6) and (2) factor TRIAL (trial 1, trial 2, . . . , trial 15) for each TD were performed to identify significant improvements in motor performance (1) across the whole training period and (2) within each TD. Then, paired t tests (two-tailed) were conducted to identify improvements between consecutive TDs. Therefore, we averaged time in balance (BAL) for each subject on each TD (15 trials). Consolidation between subsequent TDs was assessed by comparing the last trial of the previous TD and the first trial of the subsequent TD (two-tailed paired t test). Retention of motor performance was expressed in percentage relative to average performance on the last training day (TD6) for each subject (e.g., 100% retention indicates maximal stability of acquired motor skill). Furthermore, we identified regaining efforts by comparing performance levels on the last trial on TD6 with initial retention trials in each subject (two-tailed paired t test) (Ryan, 1965) . We applied Bonferroni's correction for multiple comparisons at the threshold of p Ͻ 0.05. EMG recordings were analyzed using repeated measures ANOVA with factor TIME (TD1, TD2, TD3, TD4, TD5, and TD6). Additionally, we tested for correlation between muscular imbalances and individual performance improvement during training. In general, repeated measures ANOVAs were performed, if necessary, with a Greenhouse-Geisser sphericity correction.
Image acquisition. MR imaging (MRI) data was acquired on a 3T Magnetom Tim Trio scanner (Siemens) using a 32 channel head coil. We used the same protocol for each volunteer and each scanning session. In each scanning session, we acquired whole brain diffusion weighted images with a double spin echo sequence [60 directions; b-value ϭ 1000 s/mm 2 ; 88 slices; voxel size, 1.7 ϫ 1.7 ϫ 1.7 mm, no gap; repetition time (TR) ϭ 12.9 s; echo time (TE) ϭ 100 ms; field of view (FOV) ϭ 220 ϫ 220 mm; parallel acquisition GRAPPA (generalized autocalibrating partially parallel acquisition) acceleration factor 2] plus seven volumes without diffusion weighting (b ϭ 0 s/mm 2 ) at the beginning of the sequence and after each block of 10 diffusion weighted images as anatomical reference for offline motion correction. T1-weighted images were acquired using a MPRAGE (magnetization-prepared rapid acquisition gradient echo) sequence (TR ϭ 1.3 s; TE ϭ 3.46 ms; flip angle ϭ 10°, FOV ϭ 256 ϫ 240 mm; 176 sagittal slices; voxel size ϭ 1 ϫ 1 ϫ 1.5 mm). The acquisition time for the anatomical MRI and diffusion-weighted scan was 13 min and 15 min respectively.
MRI data processing and analysis. Pre-processing of T1-weighted images was performed using SPM5 (Wellcome Trust Centre for Neuroimaging, University College London, London, UK; http://www.fil.ion.ucl. ac.uk/spm), implemented in VBM (voxel-based morphometry) Toolbox 5.1 (http://dbm.neuro.uni-jena.de/vbm.html) running under a Matlab environment (Mathworks, version 7.7). We applied standard VBM 5.1 routines and default parameters. Images for each scanning time point were bias corrected, segmented, and registered (using rigid-body transformation with translation and rotation about the three axes) to standardized Montreal Neurological Institute (MNI) space using the "unified segmentation" approach (Ashburner and Friston, 2005) . We processed separately the data acquired at each time point. Gray matter (GM) segments were scaled by the Jacobian determinants of the deformations to account for local compression and expansion during linear and nonlinear transformation (i.e., "modulation"). Finally, the modulated GM volumes were smoothed with a Gaussian kernel of 8 mm full width at half maximum (FWHM).
First, we tested for increases and decreases in gray matter from baseline (s1) to the learning period (s2, s3, s4) using TIME (s1, s2, s3, s4) as factor in a full-factorial design. Second, we were interested in the temporal dynamics of GM changes across the four scanning time points relative to motor performance improvements and changes in muscular imbalances. Therefore we used a whole-brain parametric correlation analysis embedded in a full factorial design with factor SUBJECT (1-14), with each level containing the four scans (s1, s2, s3, s4) for each subject. Specifically, we looked for brain regions that show a direct linear relationship to performance improvements for each subject across the whole brain, consisting of mean performance of the initial five trials on TD1 and mean perfor-mance for TD2, TD4, and TD6. Furthermore, we looked for regions across the whole brain that show a direct linear relationship to individual improvements in muscular imbalances using zero as a baseline value and individual imbalance adaptations for each subject to TD2, TD4, and TD6. Additionally, GM changes between distinct scanning time points were evaluated using paired t test.
For statistical analysis, we excluded all voxels with a GM value below 0.2 (with a maximum value of 1) to avoid possible partial volume effects near the border between GM and white matter (WM). For each analysis, cluster size was corrected according to the local smoothness values using nonstationary cluster extent correction at p Ͻ 0.05 (Hayasaka et al., 2004) . We report effects for clusters of voxels exceeding a voxel level threshold of p Ͻ 0.001 (uncorrected) and a cluster size threshold at p Ͻ 0.05, family-wise error (FWE) corrected for multiple comparisons in the context of Gaussian random field theory (Friston et al., 1996) .
Preprocessing of diffusion-weighted images and analysis. We included fractional anisotropy (FA) to investigate directionally dependent changes in water diffusion. Furthermore, axial diffusivity ( ʈ ) and radial diffusivity ( Ќ ) provided further information about the source of FA changes, since FA is based on the relation between ʈ and Ќ . In addition, we analyzed mean diffusivity (MD) to find directionally independent changes in the amount of water diffusion.
The initial step of diffusion MR image processing was motion correction using images without diffusion weighting (i.e., b0 images) and rigid body transformations. In the same process, the diffusion MR images were spatially coregistered to the individual T1-weighted image using rigid body transformation and interpolated to 1 mm 3 voxel size. Subsequently, we computed for each voxel a diffusion tensor (Mori and Zhang, 2006) and characteristic diffusion tensor imaging (DTI) contrast parameter (FA, MD, ʈ , and Ќ ). Affine registration was performed intraindividually between FA maps and white matter segments (from T1-weighted images). Maps of parallel, perpendicular, and mean diffusivity (intrinsically in the same native space as FA maps) were subsequently coregistered to the white matter segments using the parameters estimated in the previous step. FA/MD/ ʈ / Ќ maps were linearly and nonlinearly normalized using the deformation fields estimated in the registration step of the subject's specific T1-weighted image (from VBM procedure described above). Additionally, to adjust FA/MD/ ʈ / Ќ data for linear and nonlinear effects of registration, we performed scaling procedure allowing us to eliminate bias from white matter volume changes (Lee et al., 2009) as shown in the equation:
where s is smoothed data, w is warping, m is modulation, WM is individual white matter segment from T1-weighted image, and DTI is individual FA, MD, ʈ , or Ќ image. Smoothing was performed with a spatial Gaussian kernel of 8 mm FWHM. Similar to the GM analysis, we tested for FA/MD changes from baseline (s1) to the subsequent learning phase (s2, s3, s4) using TIME (s1, s2, s3, s4) as factor in a full-factorial design. We then used whole-brain parametric correlation analysis with factor SUBJECT (1-14) to look for white matter regions that show a direct linear relationship to motor performance improvements and adaptations in muscular imbalances across the four scanning time points (see above). Additionally, we tested for a direct linear relationship between performance improvements and changes in parallel ( ʈ ) and perpendicular diffusivity ( Ќ ) in prefrontal regions where we observed performance-related GM and FA changes (see Fig. 4 A, B) using a region of interest (ROI) approach (small-volume correction with a sphere diameter of 20 mm centered at peak voxel from the GM parametric correlation analysis).
We excluded all voxels with FA values below 0.2 to isolate white matter from the rest of the brain. Cluster size was corrected according to the local smoothness values using nonstationary cluster extent correction (Hayasaka et al., 2004) . Effects were reported for clusters of voxels exceeding a cluster size threshold of p Ͻ 0.05, FWE corrected for multiple comparisons in the context of Gaussian random field theory and a voxel level threshold of p Ͻ 0.001 (uncorrected). For ROI analysis, we used FWE correction at p Ͻ 0.05.
Identification of primary and secondary fiber directions. Using a crossing fiber model, we computed in each voxel two scalars, f1 and f2, indicating the contribution of each fiber (f) compartment to the measured signal (see below). Following Jbabdi et al. (2010) these scalar values must be reassigned to obtain a consistent labeling across subjects that is not assured by the model used. Compared to Jbabdi et al. (2010) we used a slightly different procedure to compute this reassignment using the smooth and robust primary fiber direction provided by the simple single fiber diffusion tensor. In each voxel we compared the direction of both crossing fiber orientations with the main fiber orientation using a single tensor model. The direction with the smaller inclosing angle was identified as primary direction. The scalar values f1 and f2 were reassigned accordingly. This procedure resulted in a robust identification of fiber compartments across subjects (Fig. S10 , available at www.jneurosci.org as supplemental material).
Calculating mean distribution of crossing fibers. Distribution of crossing fibers was estimated using FMRIB's Diffusion Toolbox implemented in FSL (Behrens et al., 2007; Jbabdi et al., 2010) [Analysis Group, Functional MRI of the Brain (FMRIB), Oxford, UK; http://www.fmrib.ox.ac.uk/fsl/ fdt/index.html). The software (bedpostx) allowed us to model and automatically determine the distribution of crossing fibers in each voxel of the brain. Specifically, f values for the probability of major (f1) and secondary (f2) fiber direction were calculated for all acquired diffusion MRIs. Then, mean f1 and f2 values were calculated for three ROIs in left ventral and dorsal prefrontal and right parietal white matter, corresponding to the significant clusters from the whole-brain parametric FA analysis (Fig.  4 B; Fig. S9 , available at www.jneurosci.org as supplemental material). Voxel with f values Ͻ 0.05 (no significant contribution of the first or second fiber compartment) were discarded in the f1 or f2 maps, respectively.
Results

Behavioral and electrophysiological results
Performing the whole-body DBT on six consecutive weeks with one TD each week resulted in significant performance improvements (Fig. 1C) . Time in balance increased from 6.2 Ϯ 0.1 s (mean Ϯ SEM) in the initial trial of TD1 to 20.1 Ϯ 0.2 s in the last trial of TD6 (repeated measures ANOVA; main effect of TD: F (5,78) ϭ 45.8; p Ͻ 0.001, Greenhouse-Geisser corrected; see also Fig. S1 , available at www.jneurosci.org as supplemental material).
Furthermore, we found a significant decrease in muscular imbalance between both muscles during the time course of learning (repeated measures ANOVA; main effect of TD: F (5,65) ϭ 17.072; p Ͻ 0.001, Greenhouse-Geisser correction) (Fig. 1 D) indicating higher EMG activity on the left (nondominant) as compared to the right (dominant) SM [left-right ratio 1.23 Ϯ 0.04 (mean Ϯ SEM)] at the beginning of the learning period (TD1). However, on TD6 this side-to-side difference was significantly reduced, representing a diminished muscular imbalance (0.95 Ϯ 0.03). We also found a negative linear correlation (r ϭ Ϫ0.53, p Ͻ 0.0001. across subjects and TD) between muscular imbalances and motor performance (see Fig. 1 D) .
Imaging results
Structural changes during learning (s1 to s2, s3, s4)
We demonstrate significant GM volume increase in left supplementary motor areas (SMA), left superior frontal gyrus (SFG), and left medial orbitofrontal cortex (OFC; orbital part of the medial frontal gyrus) ( Fig. 2; Table S1 , available at www. jneurosci.org as supplemental material) during 6 weeks of DBT learning. We additionally report GM decrease in right putamen, right inferior orbitofrontal cortex (iOFC; orbital part of the inferior frontal gyrus), left inferior occipital gyrus, right middle temporal gyrus (MTG), and lobule VIII in cerebellum bilaterally (Table S5 , Fig. S5 , available at www.jneurosci.org as supplemen-tal material). We identified significant FA decrease in bilateral prefrontal WM regions (Fig. 2, Table S2 , available at www. jneurosci.org as supplemental material). Topographically, the FA findings are in close spatial proximity to GM changes in left SFG and right MFG (Fig. 2) . Furthermore, we found an MD increase in right inferior parietal and right cerebellar WM regions (Table  S3 , available at www.jneurosci.org as supplemental material). No FA increase or MD decrease were detected in these analyses.
Rapid structural changes during learning (s1 to s2)
VBM analyses on data corresponding to the first 2 weeks of learning (after 2 ϫ 45 min of practice) showed significant GM expansion in bilateral SMA, left SFG, right MFG, and left supramarginal gyrus (SMG) (Fig. 3A, Table S1 , available at www.jneurosci.org as supplemental material). We were not able to detect any GM reduction during this period (s1 Ͼ s2). The initial GM changes could no longer be detected on s3. FA significantly decreased in WM regions adjacent to the left lateral prefrontal cortex and right M1 (Table S2 , available at www.jneurosci.org as supplemental material). MD increased in right inferior parietal WM regions (Table  S3 , available at www.jneurosci.org as supplemental material). We did not detect any significant changes in GM and FA in the ageand gender-matched control group (s1 Ͻ s2; n ϭ 14). Significant GM and FA changes in the learning group were confirmed by interaction analyses with the control group (Figs. S7, S8 , available at www.jneurosci.org as supplemental material).
Parametric correlation with improvements in motor performance
The multiple regression analysis between GM volume and motor performance parameter across all time points (s1, s2, s3, s4) showed positive correlation in the left superior orbitofrontal cortex (sOFC; orbital part of the superior frontal gyrus) (Fig. 4 A, Table S1 , available at www.jneurosci.org as supplemental material). In contrast, GM changes in right iOFC, right SMG, left inferior occipital gyrus, right MTG, and left cerebellum correlated negatively with improvements in motor performance (Table S5, Fig. S5 , available at www.jneurosci.org as supplemental material).
Additionally, we detected negative correlation between performance improvement and FA in the left prefrontal and in the right inferior parietal WM (Fig. 4 B, Table S2 , available at www. jneurosci.org as supplemental material). All significant regions in the FA correlation analysis (Fig. 4 B) showed high probability of crossing fibers within these regions (Fig. S9 , available at www. jneurosci.org as supplemental material).
MD correlated negatively with motor performance parameters in bilateral anterior centrum semiovale, right internal capsule, and left brainstem (Fig. 4C , Table S3 , available at www. jneurosci.org as supplemental material). Positive linear correlation between performance improvement and MD was detected in right inferior parietal and right superior temporal WM (Table S3 , available at www.jneurosci.org as supplemental material).
In a post hoc correlation analysis with motor performance parameter restricted to the left sOFC, we estimated parallel diffusivity ( ʈ ) and perpendicular diffusivity ( Ќ ). Both parallel and perpendicular diffusivity showed a significant negative correlation with performance improvements (Table S4 , available at www.jneurosci.org as supplemental material).
Parametric correlation with changes in muscular imbalances
GM in the left SMA was positively correlated with individual adaptations in muscular imbalances during the whole learning period (Fig. 3B, Fig. S3 , Table S1 , available at www.jneurosci.org as supplemental material). Negative correlation between FA and muscular imbalances were detected in left superior parietal and right occipital WM and left cingulum (Table S2 , available at www.jneurosci.org as supplemental material). Also in left superior parietal WM, MD correlated negatively with muscular imbalances. We found positive correlations between MD and muscular imbalances in cerebellum bilaterally (Table S3 , available at www.jneurosci.org as supplemental material).
Discussion
In this longitudinal study, we demonstrate substantial GM volume expansion in frontal and parietal brain areas after only two practice sessions in a complex whole-body balancing task. The distinct temporal dynamics of structural GM changes confirm the functional significance of distinct brain regions during differ- . Before the learning session on TD1, TD3, TD5, and in the seventh week, structural MRI scans were performed to assess learning-related gray and white matter changes. B, DBT. Subjects were instructed to keep a balance platform in a horizontal position as long as possible during a trial length of 30 s. Motor performance was determined as the time {s) in which the subjects kept the platform in a horizontal position, within a deviation range of Ϯ 3°to each side, out of the total trial length of 30 s (BAL). C, Behavioral results. Improvements in motor performance during the time course of learning as well as mean retention performance of 95% (in percentage of mean performance on TD6) after 3 months without training (filled squares, mean performance across subjects; error bars, SEM). Asterisks indicate significant improvements in motor performance between consecutive training days (TD1 to TD2, p Ͻ 0.001, TD2 to TD3, p Ͻ 0.001; TD4 to TD5, p Ͻ 0.001; see also Fig. S1 , available at www.jneurosci.org as supplemental material, for within-session improvements). D, Negative correlation between muscular imbalances and motor performance during the learning period (dotted lines indicate SD for muscular imbalances and motor performance; see also Fig. S2 , available at www. jneurosci.org as supplemental material). ent phases of motor skill acquisition (Fig.  5A) . Additional confirmation about the behavioral relevance of structural changes comes from the positive correlation between GM volume and performance improvements over time. Changes in WM tissue properties paralleled the spatial and temporal pattern of GM volume changes to indicate the major impact of motor skill learning on cortical structures and their associated long-range axonal connections (Fig. 5B) . Our findings reveal the enormous potential of the adult human brain to undergo learning-induced structural adaptations in response to a few minutes of practice and elucidate possible underlying mechanisms of brain plasticity.
Rapid and transient structural gray matter changes
Our results demonstrate that only 90 min of practice in a complex balancing task, distributed over 2 weeks, resulted in macroscopic structural GM alterations. We did not detect any GM changes in a control group not exposed to the task, minimizing the potential impact of external factors on brain structure. We conclude from this that longitudinal VBM analysis is sensitive to GM changes following short periods of motor practice, which could be used as independent biomarker monitoring the efficacy of neurorehabilitation training schedules (Langhorne et al., 2009) or occupational skill acquisition (Moulton et al., 2006) . We also found that initial GM changes in sensorimotorrelated regions decreased in the later learning phase, while GM in prefrontal cortex continuously increased. We interpret this finding as the initial challenge of learning a complex motor skill and an important characteristic for entering later learning phases (Lee and Swinnen, 1993; Newell, 1996; Schmidt and Lee, 1999; Driemeyer et al., 2008) . Specifically, we found transient GM changes in premotor and inferior parietal areas, which are known to be associated with complex motor skill acquisition and integration of vestibular signals for postural control (Guldin and Grusser, 1998; Swinnen and Wenderoth, 2004; Dieterich and Brandt, 2008; Nachev et al., 2008) . This supports the notion of complex multijoint movement acquisition (error correction strategies, e.g., with hip and arms) in response to vestibular input during wholebody perturbations. In this regard, inferior parietal changes may result from an increased accuracy and speed of detecting and specifying whole-body perturbations for dynamic balance control.
Biological substrates of gray matter changes
The exact nature of the underlying cellular mechanisms of learning-induced GM changes in humans still remains elusive (May and Gaser, 2006; Draganski and May, 2008) . Our data showed a rapid GM increase in sensorimotor-related brain areas as early as after two training days (2 ϫ 45 min) that were separated by 1 week which, subsequently decreased to the last 4 weeks. A recent study in humans also found macroscopic changes in GM as early as after 5 days of continuous intervention with repetitive transcranial magnetic stimulation (May et al., 2007) . Together, these results support the idea of rapid intracortical remodeling of dendritic spines and axonal terminals as a possible biological substrate for GM changes in humans (Trachtenberg et al., 2002 ; Markham and Greenough, 2004; DeBello, 2008; Butz et al., 2009; Xu et al., 2009) . Furthermore, glia cells have been shown to support synaptic efficacy, and its hypertrophy is associated with an increase in synapse formation during motor skill learning (Anderson et al., 1994) , representing a further candidate for the observed macroscopic GM changes in humans.
Chklovskii
Slowly evolving GM changes and the capability for skilled movement
In the present study, we demonstrate an association between GM changes in the prefrontal cortex and parameters of motor skill acquisition in humans. We suggest that GM changes in sOFC reflect a build-up and maintenance of an optimal task-specific strategy as a result of exploring and evaluating potential movement coordination patterns for task execution based on reinforcement learning supported by ventromedial prefrontal cortex (Fig. S4 , available at www.jneurosci.org as supplemental material) (Koechlin and Hyafil, 2007; Kable and Glimcher, 2009 ). The anterior prefrontal cortex is responsible for the exploration of alternative behavioral options during execution of a prevailing behavioral plan (Koechlin and Hyafil, 2007) . Importantly, this feature is crucial for the development of an optimal strategy for task performance during complex motor skill learning (Newell et al., 1989; Lee and Swinnen, 1993; Newell, 1996; Caillou et al., 2002) . In our study, we used a discovery learning approach (Wulf et al., 2003; Orrell et al., 2006) , which means that at no time during learning did we provide subjects with instructions about how to best perform the task, thus giving them the opportunity to find their own optimal strategy to perform the DBT. Subsequent interviews and visual inspection of video taped task execution confirmed that subjects explored and evaluated different movement coordination patterns (error correction strategies. e.g., with hip and arms) to improve performance in the DBT. Furthermore, prediction of final performance level (on TD6) by prelearning gray matter volume in the temporal cortex (Fig. S6 , available at www.jneurosci.org as supplemental material) suggests an impact of long-term memory representations on evolving task-related performance strategies (Zanone and Kelso, 1992) .
Microstructural changes in WM and biological substrates
It is noteworthy that the areas of negative correlation between FA and improvement in motor performance showed evidence for the presence of crossing fibers (Figs. S9, S10, available at www. jneurosci.org as supplemental material). Since FA is a relative value to infer microstructural properties between diffusion directions (Beaulieu, 2002; Mori and Zhang, 2006) , we cannot dissociate between diffusivity changes in the parallel or perpendicular diffusion direction from FA alone. Considering recent findings of simultaneous FA and parallel diffusivity changes as a correlate of reading training (Keller and Just, 2009) , we tested for learninginduced changes in parallel, perpendicular diffusivity, partial volume fractions, and fiber angle. We interpret our findings as performance-related decrease in FA and diffusivity due to learning-related increase in cell density or axonal/dendritic arborization hindering water diffusion Markham and Greenough, 2004; Kleim et al., 2007) .
We also found negative correlation between changes in motor performance and MD in bilateral centrum semiovale (Fig. 4C) indicating a gradually decreasing amount of water diffusion within these regions relative to individual performance improvements across the whole learning period. Notably, performancerelated MD changes occurred in close spatial proximity to transient, initial gray matter changes in bilateral SMA (Fig. 3A) , suggesting a shift of learning-induced structural plasticity from intracortical gray matter to subcortical white matter regions (Armstrong-James et al., 1994) .
We now discuss the potential sources that explain the discrepancy between previous findings of learning-dependent FA increases and the FA reduction in our study (Keller and Just, 2009; Scholz et al., 2009; Takeuchi et al., 2010) . First, we acknowledge the significant difference in practice intensity and duration between the studies. Keller and Just (2009) reported FA increases after learning periods of 6 months with ϳ100 h of practice. Scholz et al. (2009) found FA increases after 6 weeks with five training days per week, and Takeuchi et al. (2010) did so after 2 months of daily practice. Here, we report FA changes (decrease) during 6 weeks of learning with only one training day in each week. Second, from a methodological point of view we introduce in our FA analysis a novel step with adjustment for the hypothesized and detected learning-related volume changes. The question regarding the necessity for intraindividual adjustment of parameter data (e.g., FA, MD, etc.) for the effects of linear/nonlinear interpolation during spatial registration is a fundamental issue that has not been addressed fully in previous studies. As demonstrated in aging-related brain atrophy, there is high correlation between volume changes and FA changes obtained using the VBM approach (Hugenschmidt et al., 2008) . We developed a generative approach for tackling this problem and believe that our inferences based on data with preserved initial total signal after linear/ nonlinear interpolation represent more truly the idea of statistical parametric mapping of structural (semi)quantitative data. Third, the direction of FA changes may vary depending on the affected white matter region owing to differences in underlying fiber anatomy (e.g., crossing fibers) relative to task-engaged fiber structures. There could be similar cellular changes in different white matter regions generated by different learning stimuli, however, causing inverse changes in FA based on specificity of task-engaged fibers and their proportion to other fibers within the voxel (Jbabdi et al., 2010) . Finally, FA changes and their underlying cellular mechanisms may depend on the extent of taskrelevant neural information processing for complex motor performance either within (local) or between (distributed) brain regions (Karni et al., 1995; Sun et al., 2007) . In our study, gradual FA and diffusivity ( ʈ , Ќ , and f) (see Fig. S10 , available at www. jneurosci.org as supplemental material) decreases in prefrontal white matter regions adjoining cortical areas showing gradual gray matter volume increases may suggest enhanced information processing capacities established through local structural plasticity in neuronal and glia cell components within the apex of the executive system (Markham and Greenough, 2004; Koechlin and Hyafil, 2007) .
Limitations of the current study
Our study is, however, limited by the small number of scanning time points (four scans for each subject) relative to the number of practice sessions (six practice sessions for each subject). The linear correlation represents the most conservative model with the fewest assumptions regarding temporal dynamics of learningrelated structural changes. The moderate number of four observations (i.e., scanning sessions) in our study does not allow for unambiguous statistical inferences regarding nonlinear effects of structural plasticity.
Conclusion
Our findings make clear how slight but powerful everyday life experiences could affect adult brain structure. The interrelated structural reorganization in GM and WM points to a causal relationship between behavioral adaptation and structural brain plasticity. Furthermore, the present results extend the recently published findings (Keller and Just, 2009; Scholz et al., 2009; Takeuchi et al., 2010) of white matter FA changes after learning by giving novel and detailed insights into possible underlying neural mechanism and their temporal dynamics during learning.
